We present a Hawkes model approach to foreign exchange market in which the high frequency price dynamics is affected by a self exciting mechanism and an exogenous component, generated by the pre-announced arrival of macroeconomic news. By focusing on time windows around the news announcement, we find that the model is able to capture the increase of trading activity after the news, both when the news has a sizeable effect on volatility and when this effect is negligible, either because the news in not important or because the announcement is in line with the forecast by analysts. We extend the model by considering non-causal effects, due to the fact that the existence of the news (but not its content) is known by the market before the announcement.
I. INTRODUCTION
Complex system dynamics is characterized by a subtle interplay between endogenous and exogenous effects. Financial markets are, in this respect, paradigmatic. The dynamics of asset prices, in fact, is affected by the arrival of exogenous news, which modifies the valuation of the fair price of the asset, and by the arrival of endogenously generated events (e.g. trades, orders, and price changes) in reaction to past events [1] [2] [3] . Disentangling and quantifying the relative importance of these two drivers have been debated widely in the last half century, since the formalization of the Efficient Market Hypothesis. There is a growing empirical evidence that a significant fraction of market activity 1 and volatility is explained by the endogenously generated trading activity. For example, large price movements (jumps) are only partly explained by public news [6, 7] .
The debate about the endogenous and exogenous component of price dynamics has recently received a new impulse thanks to the application of Hawkes processes to the modeling of financial data [8] [9] [10] [11] [12] [13] [14] [15] . Hawkes processes [16] , originally introduced in seismology, describe a point (counting) process where the intensity is not constant but depends on the past history of the counting process, weighted by a suitably chosen kernel. Due to the natural interpretation of a Hawkes process as a branching process, in terms of immigrant baseline events and offspring events, it is direct to interpret the integral of the kernel as the fraction of the activity due to the endogenous self excitation. The empirical analysis on equity and future data has indicated [4, 5, 17, 18] that, according to Hawkes modeling, a very large fraction of the market activity is explained by the endogenous component. Markets seem to be very close to a "critical" state where all the dynamics is endogenously generated (see [4, 5] for more details).
However in some situations the arrival of exogenous news has typically a very large impact on the trading activity. An example, which is the one investigated in the present paper, is the impact of macroeconomic news on foreign exchange (FX) markets. This large impact is due to the fact that macroeconomic news (unemployment rate, GDP data, central banks intervention, etc.) affects significantly the valuation of the economy of a country and therefore of its currency. Moreover these announcements are scheduled in advance and are monitored with great attention by FX market participants.
The impact of exogenous news on asset prices has been investigated by a number of authors starting with the pioneering work of [6] . In Ref. [19] authors analysed the connection between the daily number of news announcements reported by Dow Jones & Company and aggregate measures of market activity such as trading volume and market returns. Avellaneda and Lipkin [20] studied the phenomenon of stock pinning observed at the expiration date of the corresponding options. Refs. [7] and [21] explored the role of news in high-frequency volatility and order book dynamics. A more extensive survey of the literature on news impact can be found in [22] .
The effects of scheduled macroeconomic announcements on the FX market have been the object of several works. Ederington and Lee [23] found that this sort of announcements is responsible for a large part of the volatility pattern observed in these markets. Ref. [24] provided a characterization of the volatility in the DM/USD rate, separating contributions of intraday activity patterns, macroeconomic announcements, and volatility persistence. More recently, Bauwens et al. [25] have a investigated volatility dynamics around news announcements on high-frequency EUR/USD data in the framework of ARCH-type models. These works focus either on large time horizons or choose a discrete time setting.
In this paper we focus on modeling the dynamic evolution in physical (continuous) time of market activity before and after a macroeconomic news announcement. We consider the rate of change in the best quotes as a proxy of market activity, and we take a point process perspective. Our main original contribution is a Hawkes model of the FX market activity where one of the kernels describes the (causal and possibly non-causal) effect of the macro news on the market activity. The model has thus two Hawkes kernels, one for the endogenous and one for the exogenous component. We find that the description of the market activity improves significantly when one introduces the exogenous kernel. It is important to stress that most of the work done so far concerning Hawkes processes in financial data has considered stationary processes. In fact, when non stationarities are present (e.g. the intraday pattern), one typically tries to remove them, for example by deseasonalizing the data. However in some cases, non stationarities are important and bring relevant economic information that one wants to model. The example considered in this paper is the market activity around macro announcements. Our approach demonstrates how it is possible to reconcile non stationarities like news announcements in the Hawkesprocesses framework, that has proven to be a versatile tool for modeling of high-frequency market dynamics in physical time.
The paper is organized as follows. In Section II we present our dataset of prices and news and the main variables introduced to characterize the news. In Section III we show how Hawkes models are able to describe the dynamics of FX rates when only the endogenous component is considered. Section IV presents our modeling approach, where a new component of the Hawkes process is added, taking into account the effect of macro news. In Section V we present an extension of the model where a non-causal kernel is added, taking into account the fact that the existence of the announcement (but not its content) is known in advance. Finally, in Section VI we present some conclusions. In Appendix A we give the details of maximum log-likelihood estimation. Appendix B provides further material on the comparison between the model with the new exogenous component and the one without it.
II. DATA
We investigated EBS live data from January 1, 2012 to December 18, 2012, a total of 353 days, for three pairs of currencies, namely EUR/USD, EUR/JPY and USD/JPY. The time resolution of the database is 100ms and we used the ebsMarketReferenceTime as the reference time. Since the time discretization might affect the estimation of the Hawkes process, as customary done, we randomize the times by subtracting from each time stamp expressed in second a random number uniformly distributed in (0,0.1] s. We filter the data by considering the events where either the best ask or the the best bid change. Although FX trading is active 24h a day 7 days a week, the activity on Saturdays and Sundays recorded in our dataset is almost negligible and therefore we excluded them. This left us with 250 days. FX trading activity displays an high intraday seasonality and therefore we decided to restrict our work to London core trading hours (07: 30-16:30) , where the highest activity is observed. Table I shows the number of bid or ask changes observed during the London core trading hours for the three rates. Notice that we have divided the sample in two, depending on the tick size 2 . In fact EBS increased the tick size of a factor five on September 23, 2012 and, as it can be seen from the Table, this fact has reduced the number of best quote changes by a factor two or three, depending on the rate.
The FX market is strongly affected by macro announcements. In this paper we are interested in modeling the price dynamics around these announcements. In particular here we focus on announcements whose publishing is scheduled well in advance, such as Central Banks rate decisions or announcements of unemployment or GDP data. We obtained the list of all economic announcements of 2012 from the website www.dailyfx.com. The news data report date and time of the news release, the currency which is most affected by the news, a brief description of the news, an estimate of the importance (high, medium, low), and, where available, the expected (Forecast) and actual value. The Forecast value is an average of analysts' expectations. Not all the news in the dataset concern the publication of an indicator which can be quantified by a number. An example are press conferences of central banks' governors. Since there is no numeric value associated to them, there is not any forecast either. Since we treat only the EUR/USD, EUR/JPY and USD/JPY rates, we retained only the news that are linked to one of these currencies. In addition, in this work we consider only news that are rated Medium or High importance, so we discarded those rated Low. Quite often, related indicators are announced at the same time. Since we are concerned with the impact of a news before and after its announcement, we kept only the most relevant news for each distinct time. The total of the news retained after this selection is 723. The totals divided per currency and importance are reported in Table II 
A. Activity jumps and news surprise
In order to characterize the news, we introduce two additional metrics. The first one measures how much the news has impacted the trading activity, while the second one measures the degree of surprise of the news, i.e. the difference between the forecast and the actual value.
To be more specific, for each one minute interval i we compute the number N i of changes in any of the best quotes, and we compare it with the Simple Moving Average (SMA n ) of the same quantity over the previous n one minute intervals. Since the events in minute i do not enter in the calculation of SMA n (i), we consider it as a measure of the expected activity for the interval i. Similarly to what is done in price jumps detection [7, 15] , we define the impact θ i as the ratio between the observed number of events at i and the expected number of events according to SMA, namely
We shall use the quantity θ i for two purposes. First we use it to identify "jumps" in the market activity and to answer the question of how frequently a high activity is associated with a recent news. Second we shall use is to answer the reverse question, i.e. how large is θ i after a macro news and to classify news according to their effect on the trading activity. The second metric measures the difference between expectations and actual values announced by the news. For this reason we call it "surprise" of the news. To compute it, we can only consider news for which the Forecast value is given. In the end, starting with 723 news, we are left with a total of 559 news or about 77% of the original sample.
For each news we have the Actual and the Forecast value, which we denote I A and I F respectively. The measures of surprise that we use are the absolute surprise
and the relative surprise
In principle one could distinguish between "good news" and "bad news", i.e. if the indicator was better or worse than expected. However this is difficult to do in an unsupervised way, since a positive increment is good or bad depending on the type of news. Therefore we chose to use the absolute value of the difference. The choice between the absolute and the relative surprise is not immediate. On one hand, in fact, indicators span a wide range of values, some are of the order of unity other are given in thousands or in percentage and hence the most reasonable choice seems the relative surprise. On the other hand, for some indicators, such as unemployment rate, that are given in percentage, even a small absolute change might be significant. For these reasons we use the absolute surprise for indicators given in percentage and the relative surprise in all other cases. In the following, the notation S denotes this combined measure. The correlation between surprise and θ is surprisingly low and the scatterplot is very noisy 3 . By restricting to Medium and High importance news, the Spearman correlation coefficient between surprise and θ is 0.34 and different from zero in a statistically significant way. This effect comes mainly from the High importance news, for which the Spearman correlation raises to 0.62. Figure 1 shows the scatterplot of θ vs. the surprise for EUR/USD for Medium and High importance news. This relation is confirmed by P(θ > 1|S), which is the probability that θ is larger than one conditional to a given value of the surprise (see Figure 1 ). We observe that this probability is systematically larger than 1/2, indicating that news trigger an increase in activity and this increase depends on the surprise of the news. For EUR/USD and EUR/JPY we obtain an almost monotone trend, while USD/JPY presents a noisier pattern. It seems that even this very simple measure of surprise, that does not take into account the specificity of each indicator, is nevertheless able to capture some relevant information. 
III. HAWKES MODELS OF FX MARKET ACTIVITY
In this Section we present the baseline model for market activity. It consists of a Hawkes process with a constant baseline intensity and a self-excitation mechanism describing the endogenous effect [4, 5] . In the next Section we will introduce also an exogenous news term. Hawkes processes are powerful models for describing the arrival of events which cluster in time. In one dimension they model a counting process N t in continuous time with an intensity (i.e. probability per unit time of observing an event) described by
where dN s = ∑ t i <s δ(s −t i ) is a mixture of Dirac measures, t i being the the time at which ith event occurred. µ is the constant baseline intensity and the kernel φ(τ) ≥ 0 describes the effect of past counts to the current intensity. The process is stationary if n ≡ ∞ 0 φ(τ)dτ < 1. As described in [5, 26] , the process can be stationary in the critical case n = 1 if µ = 0. If n < 1, it is related to µ through the relation
The quantity n is the fraction of the average rate explained by the self-exciting mechanism. The Hawkes process is characterized by the functional form of the kernel φ(t). In empirical applications, one can choose a priori a functional form for the kernel, dependent on some parameters, and then use maximum likelihood method to determine the best fitting parameters' values 4 . A non-parametric approach was recently developed by [14] . The log-likelihood can be computed analytically (see Eq. (A1) in Appendinx A), though numerical optimization techniques are necessary for maximization. We note here that definition (4) , which is standard in the literature, assumes that the process starts infinitely back in the past. Thus, an approximation is made when the likelihood is evaluated on a finite sample. The quality of the approximation improves as the sample size increases.
In our application, for the endogenous kernel we use either a double exponential 5 or a power-law decaying kernel. The double exponential kernel φ DE (t) is defined as
where α q and β q (q = A, B) are the constant parameters of the model. Here two different time scales are present and their relative weight is controlled by the amplitudes α. For definiteness we choose β A ≥ β B , i.e. the A subscript refers to the shorter time scale and B to the longer one. The power-law kernel we use is in fact not a truly power-law decaying function, but instead, for computational reasons, we use an exponential sum that carefully approximates a function with a power law tail. In particular we adopt the same specification of [5] , which reads
where a k = τ 0 m k .
The parameters are n, p and τ 0 . M is the number of exponential terms and m is a scale parameter. We fix M = 15 and m = 5 as in [5] . The parameter m controls how well a single exponential approximates the power law. If one wishes the approximation to be valid over many orders of magnitude, high values of m and M are necessary. Z and S are constants such that φ PL (0) = 0 and ∞ 0 φ PL (t)dt = n. This kernel has a smooth cut-off at short lags, provided by the negative exponential, whose time scale is regulated by τ 0 once m is fixed. This approximated power law kernel presents an exponential cut-off at large t. This difference with respect to a true power law is however irrelevant, in fact, for our choice of M and m, it manifests itself only for t larger than ≈ 10 9 s, a value much larger than the duration of a trading day. This approximation of the power law in terms of an exponential sum allows the log-likelihood to be computed recursively, reducing the computational cost form O(N 2 ) to O(N), where N is the sample size. This is particularly relevant given the large number of data available. We refer to Appendix A for further details on the log-likelihoods functions.Empirical quantiles q DE PL
A. Results
We estimated the best parameters for each day (i.e. the 9-hour window from 07:30 to 16:30 UTC) separately by maximizing the log-likelihood. In this way we obtain a set of optimal parameters for each day. Appendix A describes all the details, both analytical and numerical, of the procedure we used in estimation.
In order to compare the performance of the two kernels we studied the distribution of the residuals. In fact the time change theorem [10] states that if the true data generating process is a point process with intensity λ, then the residuals
are independent and identically distributed with a standard exponential distribution. In Figure 2 we compare by means of a quantile-quantile plot the empirical distribution of the residuals of both the double-exponential kernel and the power-law kernel against the standard exponential distribution. We find that the power-law kernel performs better than the double exponential. In fact, both the right tail and the left tail of the residual distribution for the power law kernel are closer to the theoretical one than the one for the exponential kernel. An analysis of the log-log plot in Figure 2 indicates that the major discrepancies occur for the left tail of the distribution, which corresponds to the residuals computed on short durations. The duration distribution of the data is peaked around 100 ms even after the randomization procedure. The double exponential kernel that presents its maximum at t = 0 is not able to reproduce this feature, while the power law kernel, which is equipped with an exponential cutoff at short lags performs better. To support the conclusions drawn from the QQ-plot we mention that we performed a test of exponentiality on the residuals, namely the Excess Dispersion (ED) test of Ref. [28] . The test was performed on each day separately for the three currency pairs. The null hypothesis of the residuals being exponentially distributed was rejected at the 5% level in 92.8% of the days for the DE kernel and only in 42.2 % of the days for the PL kernel (aggregating across the pairs). To conclude the comparison between the two kernels, we stress that also likelihood values are consistently higher for the power law kernel, thus favouring this choice. We now turn to the analysis of the values obtained for the parameters. We report the results from the power law kernel. Figure 3 shows the time series of parameters estimated on EUR/USD data. Trading activity measured in events per second is also shown. In Table III we report the average value of the parameters obtained with the power law kernel before and after the tick increase for all the three pairs. The uncertainties on the values, as estimated from the Hessian of the log-likelihood, are about 10% on µ, 2% on n and τ 0 , and about 1% on p. We note that the periods before and after the tick increase are very different. This is true also for the other pairs. After the tick increase the number of quote changes per second drops sharply as expected. In fact, after the increase a change in a quote implies a larger movement in the posted price. This drop is mirrored by a drop in the baseline intensity µ. The parameter p controlling the power law decay decreases sharply after the tick increase, indicating an increase of the number of long durations, in accordance with what is observed in the data. The criticality parameter n is quite close to 1 and relatively insensitive to the tick size change.
Overall, the Hawkes model equipped with the power law kernel provides a pretty good description of the empirical data. In line with [5] , we find that a large part of the activity is explained by the self-exciting mechanism (n close to 1) and hence appears to be endogenously generated.
IV. MODELING MARKET ACTIVITY AROUND MACRO NEWS
We now present the main original contribution of this paper, namely an extension of the Hawkes model including a news-related (exogenous) term. The model aims at reproducing in a Hawkes framework the impact of news arrival on market activity. It is important to note that the news process is considered as given, that is, the model is not meant to describe the news process itself. The news process is completely deterministic in this context. As we said, this is actually also the real case in FX market, where the news and the forecast value, when available, are announced at predetermined times.
Let N news t be the counting process describing the arrival of a news. In order to avoid confusion with the times {t i } i∈N of arrival of the market activity process, we indicate with {z j } j∈N the arrival time of the j-th news. The intensity of the market activity counting process is then
where φ(t) is the endogenous self-exciting kernel and φ N (t) is the exogenous kernel that accounts for the newsinduced excitement.
The condition for stationarity is obtained by taking the unconditional expectation on both side of (9),
is the average intensity of the news process. Solving for Λ, we finally get
Provided that Λ N exists and is finite, the condition of stationarity is thus the same as in the pure self-exciting case, namely ∞ 0 φ(τ)dτ < 1. In particular, it is not necessary that also ∞ 0 φ N (τ)dτ < 1 in order to have stationarity of market activity. As we will see below, in real data
In order to test the model of Eq. (9) it is necessary to specify the functional form of φ(t) and φ N (t). As we have seen above, the double exponential kernel and the quasipower law kernel give good results for the endogenous component, hence we adopted these forms also here. For the exogenous kernel φ N we chose a single exponential specification of the type
Here, α N gives the magnitude and β N fixes the time scale. Moreover, it seems reasonable, at least as a first approximation, that the news impact could be described by a single timescale. Both by using the double exponential φ DE (t) and the quasi-power law kernel φ PL (t) the expression for the loglikelihood can be analytically derived. In the former case we estimate 7 parameters, while in the latter case this number is equal to 6.
We estimated and tested our model on the series of best quote changes for the three currency pairs in our database. In each day there are on average three news announcements, and we calibrated the model on a window where only one news is present. Therefore we selected those news events that are "isolated", i.e. there is no other news in a three hour window centered at the time of the news. In this way the news event happens always at t = 5400 s, i.e. at the median point of the window. We then estimated the parameters of the model in each window as described in Appendix A. Notice that it is immediate to extend our modeling to the case where more than one news is present in the investigated time interval. In the following we focus on windows with only one news mostly for the sake of presentation clarity.
Since we are considering only High and Medium importance news, this filtering procedure returns a total of 266 isolated news. The news are the same for all the pairs. The average number of quote changes in each window is 17, 579 for EUR/USD, 11, 199 for EUR/JPY, and 7, 322 for USD/JPY.
A. Comparison of models with and without news
In order to visualize the difference between the model with and without the news component, we present here calibrated numerical simulations of the two models and we compare them with the real data. In Figure 4 (top panel) we consider an important news, namely, the release of US change in non-farm payrolls which turned out to be much lower than expected. The model without the news term fails to reproduce the trend of activity after the news. On the contrary, the model of Eq. (9) with the endogenous power law kernel seems to reproduce pretty well both the magnitude and the temporal decay of the news impact. The model with the double exponential kernel overestimates the impact immediately after the news arrival. Moreover, it is possible to note that the models without the news term significantly overestimates the activity before the news. This is because they attribute the extra activity due to the news to the selfexciting mechanism, thus increasing the overall activity instead of concentrating it in correspondence of the news. We compared the performance of the model with and without the news term across the whole set of news we examined. We simulated repeatedly both models for each news, then we examined the number of events generated by each model in the 5 minutes window that follows the news and we contrasted this number with the real number of events. The result of this comparison indicates that the model with the news term performs much better than the one without it when the news had a sizable impact. When the news produced little or no impact, the two models are essentially equivalent. Further details on this comparison are presented in Appendix B.
In our model the total intensity λ(t) is the sum of three contributions: the baseline intensity µ, the endogenous component φ(t − s)dN s , and the exogenous component φ N (t − s)dN news s . We can therefore analyse how the contribution of each term varies over time around the news announcement. The top panel of Figure 5 shows the fraction of the intensity coming from each component as a function of time for an important news. After the news release, the contribution of the exogenous term rises quickly, while the weight of the endogenous one decreases. Also the contribution of the baseline intensity becomes negligible immediately after the announcement. The exogenous contribution then slowly decays towards zero and the endogenous and the baseline components regain their pre-news level. It is interesting to contrast these figures with the middle panel of Figure 5 , where the contributions to λ(t) for the same news are shown for the model without the news term. The increment of activity after the news is now attributed to the endogenous component. The contribution of the baseline intensity has a similar trend in the two cases, though we note that its contribution before the news is higher in the model with the exogenous term. Finally, the bottom panel of figure 5 shows the same decomposition for a low impact news. It is possible to appreciate how, in this case, the exogenous component decays much faster and has a marginal role.
B. Regression results
The regression of the model on the real data gives a set of parameters of the endogenous and exogenous kernel for each investigated news and exchange rate. Figure 6 shows the distribution of the parameters α N , β N , and α N /β N for the three rates. Remarkably, the distributions are very similar across rates. It is worth mentioning that the figure does not show a delta peak in the distribution of α N at the value zero. Their number along with the corresponding average impact is detailed in Ta- Table IV. ble IV. We note that the news-related parameters have a very broad distribution. This is due both to the very different effects that news produce and to the uncertainty in the estimation. As a matter of fact, uncertainty on the news-related parameters, calculated from the inverse of the Hessian matrix, is very high, with averages of about 50% for both parameters. Finally, it is worth noticing that the distribution of α N /β N has most of its mass for values much larger than 1.
We now consider the problem of quantifying how much we improve the description of the data when we use the model with the exogenous term as compared to the performance of the simple model with only the endogenous factor. This is a typical problem of model selection [29] . Since we can compute the maximum likelihood and the number of parameters is different in the two models, we made use of the Akaike information Criterion (AIC) [30] Number of news with α N = 0 θ EUR/USD 10 0.70 EUR/JPY 13 0.69 USD/JPY 13 0.59 
To corroborate our results we computed also the Bayesian Information Criterion (BIC) [31] BIC = k ln n − 2 ln L (14) where n represents the sample size. BIC thus generally penalizes more the introduction into the model of new free parameters than AIC does. The model with the lowest value of AIC or BIC is the one to be selected. Given a set of models {i = 1, 2, .., M} the relative likelihood RL of model i with respect to the best model in the set, for which AIC = AIC min , is
AIC scores for the models with the power law endogenous kernel are always better than those for the models with the double exponential kernel. This is true as well for the BIC scores. Hence, in the following we compare the results of the models with the power law endogenous kernel that differ for the presence of the news term. Figure 7 shows the distribution of the difference in AIC and BIC scores between the model with the news term and the one without it, namely AIC News − AIC no News , and BIC News − BIC no News . The distribution is calculated separately for low impact and high impact news, and for high surprise and low surprise news. The figure is obtained pooling the values from all currency pairs. For AIC, only a small fraction of the differences are positive, meaning that the model with the news term is almost always better. However, for low-impact and low surprise news, there is a sharp peak around zero. A difference in AIC scores exactly equal to 4 corresponds to the case when the two models have the same likelihood, and hence the model with more parameters is penalized by a factor two times the number of extra parameters (which is two). Hence values around 4 mean that the models are essentially equivalent. As noted before, BIC penalizes more the extra parameters, so there is a larger portion of positive differences. However, for high-impact and highsurprise news the bulk of the distribution is on negative values. Indeed, negative differences attain even very large absolute values (as much as 260). Looking at the average relative likelihoods RL for the two groups we obtain Indicator High Low
This means that for high impact news the model without the news term is about 10 −8 times as probable as the model with the news term to minimize the information loss, i.e. the model with the news component is much better. Unsurprisingly, for low impact news the difference between the models reduces, albeit AIC still favours the model with the news term.
As a final investigation we consider how the endogenous term parameters are influenced by the presence of the news term. For both models with the news term and the one without it, we consider separately the distribution of the parameters for news with θ ≤ θ median ("Low") and those with θ > θ median ("High").
We find that the parameter that exhibits the most relevant difference when the news term is included is n. For high impact news n takes lower values in the model that includes the news term. In fact, an important part of the activity is now explained by the news term, whereas, in the previous model, it was attributed to the endogenous term. The baseline intensity µ has instead higher values in the model with the news term. This is at first sight somewhat surprising, since one could expect that without the news term a higher part of the observed intensity is attributed to the baseline intensity µ. The introduction of the news term impacts on n, reducing its value when the contribution of the news is significant (i.e. when the news term explains a large part of the activity which was previously attributed to the endogenous mechanism). Thus, also the contribution of the endogenous component to the average intensity Λ is lowered. On the other hand, the exogenous component contributes to Λ with
In our case, Λ N = 1/5400. What we observe is that this contribution is not enough to compensate for the lower values of n, and hence a higher µ is needed to maintain the same value of Λ. The tail of the endogenous kernel is estimated to decay faster to zero in presence of the news term and for high impact news. Instead, for low impact news, both models give about the same values. Finally, the values of τ 0 are not very sensitive to the presence of the news term.
In conclusion, the endogenous parameters are influenced by the presence of the news term. In particular, after the news an important fraction of the intensity is now attributed to the news term. We note that the value of n estimated with the news term may be underestimated when no news are present (e.g. before the announcement) and this in turn leads to higher values of µ to compensate. This result is due to the fact that we employ constant parameters, while probably the "right" values of n before and after a news are different. As we have seen, on average a large fraction of activity (≈ 0.9) is explained by the endogenous term. Our intuition is that far from news events n ≈ 1, i.e. activity is almost entirely endogenously driven, whereas after an important news n becomes much smaller and the exogenous component gains weight.
C. Relation between the kernel parameters and the
properties of the news.
In this Section we investigate how the parameters estimated by the Hawkes process with the exogenous news term are correlated with other measures of the effect of the news on the market activity, namely the jump parameter θ and the news surprise S (see Section II A).
We study which parameter of the news kernel is mostly affected when a news with high impact arrives. To this end, for each rate we split the sample of news in two subsamples, the first corresponding with news with θ > θ median and the second with θ < θ median . For each of the three parameters α N , β N , and α N /β N we perform a ttest of the hypothesis that the means for each parameter are the same for high and low impact news. The results are summarized in Table V . We observe that, while we cannot reject the hypothesis that α N and β N individually have the same mean in the two samples, the ratio α N /β N has different sample mean for large and small θ. The behaviour is similar for all the rates. This means that, even when a news has a large impact, the type of response of the kernel can affect either the amplitude or the time decay of the kernel (or both), but not in a systematic way. The ratio between these quantities instead shows very different results for high and low impact news. Finally, we examine the relation between the values of the parameters and the surprise indicator S defined in Section II A. To this end, we restricted the analysis to the news for which it was possible to calculate a surprise value, removing thus those for which the Forecast and Actual fields are not available. This left us with 213 news. Since our measure of surprise is pretty rough, we divided the sample in two subsamples, one of High Importance and one of Medium Importance news. As for θ, we further divided each of subsamples in two groups, one with a surprise value above and one below the sample median. For the rate EUR/USD a clear picture emerges. The rates α N and β N are not statistically different in the two groups, both for High and for Medium importance news. On the contrary, for High Importance news the ratio α N /β N is significantly larger for large surprise news as compared with small surprise news, while this effect is less evident for Medium importance news (p-values around of 10%). To illustrate the effect on High importance news, we divided the news and the corresponding estimated parameters into four groups based on the surprise value. The intervals are delimited by the quartiles of S. Figure 8 shows the probability distribution of the ratio α N /β N in the four quartiles, showing that higher surprise news correspond to higher value of the ratio. Similar results are observed for the other rates. In conclusion, even with our simple measure S, different levels of surprise give rise to different kernel ratio distributions.
V. A HAWKES PROCESS WITH A NON CAUSAL KERNEL
The announcement of the macroeconomic news we are considering in our analysis is known in advance to market participants. Therefore it is natural to ask whether the point process describing the market activity is affected by the news arrival before its announcement. In terms of stochastic processes this implies the presence of a noncausal kernel, in the sense that the (pre-announced) news arrival affects the intensity at earlier times.
To consider this effect, we modify the model by introducing a non-causal term in the exogenous component of the intensity. Namely, the news kernel φ N (t) is now given by the sum of a causal and a non-causal term
where Θ(t) denotes the Heaviside step function and we assume Θ(0) = 0. The intensity function now reads
We chose an exponential specification also for the noncausal term, so that φ N (t) is now written as:
with α C N , α NC N ≥ 0, and β C N , β NC N > 0. The stationarity condition now reads
As before, provided that Λ N exists and is finite, the condition of stationarity is thus the same of the self-exciting only case, namely ∞ 0 φ(τ)dτ < 1. We re-estimated the parameters of the model with the non-causal term on the same dataset used for the causal-only model. In Figure 9 we show simulations of the causal-only and non-causal models compared against the real data for an important news. We also add one standard deviation confidence intervals obtained by performing a large number of simulations of the model. We note that, especially by looking at the zoomed time series (bottom panel), before the announcement the confidence bands of the two models almost do not overlap, and the non-causal model reproduces quite well the newsanticipation effect when it is present, whereas the causalonly model misses completely this feature of the data.We then compare the extended model with the causalonly one via AIC and BIC. Figure 10 shows the distribution of the differences AIC NC − AIC C and BIC NC − BIC C .
Results from all currency pairs are pooled together. As the relatively large number of news for which α NC N = 0 suggests, the news-anticipation effect is often very small or absent. In these cases, the extended model with the non-causal term reduces in practice to the causal-only model. Hence, the extra parameters do not carry any benefit in these situation, and this is reflected in the information criteria scores. On the other hand, when the news anticipation effect is relevant, the improvement of the extended model is significant and AIC and BIC scores strongly favour the introduction of the non-causal term. Moreover the parameters of the causal news kernel are essentially unchanged by the introduction of the non-causal kernel. Overall it seems that adding the non-causal term results in an improved description of the real data, albeit in some cases we simply recover the performance of the already discussed causal-only model.
VI. CONCLUSIONS
In this paper we have introduced a Hawkes process approach to the description of foreign exchange rate dynamics around the announcement of macroeconomic news. These news are very important and might affect in a significant way the trading activity in a time window around the announcement. We have first considered the unconditional Hawkes modeling, i.e. we have neglected the role of news. We found that, as seen in other asset classes, foreign exchange markets are very close to criticality, as measured by the integral of the kernel n. Moreover, while the parameters of the kernel show an abrupt change around the change of the tick size, the criticality parameter n seems to be pretty insensitive to it. We then considered our main original contribution, namely the introduction of a kernel describing the effect of macro news on the trading activity. Since announce-ments are known in advance, we have also considered the possible presence of a non causal kernel, describing how the market prepares itself to the news. In both cases we have shown that the model with the news kernel(s) outperforms the simple Hawkes model with only endogenous kernel. We also noted that, once the news term is introduced, the estimate of the criticality parameter n is smaller. This suggests that in the presence of localized exogenous excitations a Hawkes model which does not consider news-triggered non stationarity could overestimate n. Moreover, even if the non-causal part only helps in a fraction of cases, from the practical point of view of a market maker (or anyone trading around news) being able to gauge the market activity and liquidity at those particular points is very important and there is a premium to be able to get that estimate right (or big cost to getting it wrong). Finally, we have also explored the role of the surprise of the news with respect to forecasted value on the parameters of the kernel.
An important limitation of our model is that, as it was presented, it treats equally all the news. If more than one news is present in the estimation interval and the news have different characteristics that lead to very different impacts, the model is expected to average the differences or to be influenced by the most relevant ones. Future developments can address this issue for example by introducing a surprise-dependent amplitude α N = α N (S). Limiting the dependence on surprise to the amplitude allows to conserve the recursion relation that speeds up likelihood computation. However, if the number of exogenous events is limited, one can also let β N depending on surprise. Finally, when the number of news is small, one could simply add a separate exogenous term for every news. This increases the number of parameters, but eliminates the need of surprise dependence.
Despite being focused on financial market data, the approach presented in this paper could be useful in the analysis and modeling of other complex systems. In fact the presence of exogenous and endogenous drivers of the activity is ubiquitous in other systems monitored in continuous time. Describing the different source of excitations as correlated point processes is in general quite complicated, and the Hawkes approach proposed here could be a useful method to model, fit, and evaluate the relative importance the two drivers of a generic stochastic dynamics.
For a linear Hawkes process in the form (4) with kernel φ(t), denoting withf an antiderivative of a function f , we obtain for the log-likelihood in the interval [0, T ]
The last term on the right hand side hides a double summation that makes the computational complexity of the expression grow as O(N 2 ), where N is the number of events in the interval. This constitutes an obstacle to applications on large samples. However, for the particular case of a linear Hawkes process with kernel given by a sum of P exponentials of the form
Ogata [34] shown that the log likelihood can be computed recursively reducing computational complexity to O(N).
In fact, we have
where N denotes the number of events in the interval [0, T ]. Now, setting
the log likelihood expression (A9) can be rewritten as:
From equation (A11) it follows that for the double exponential kernel (6) discussed in section III we have:
Likewise, for the approximate power-law kernel (7) the corresponding log-likelihood reads
with
Using equation (A1) we obtain also the expression of the log-likelihood when exogenous terms, both causal and non-causal, are added:
z j being the times at which exogenous events take place. Thus, for our non-causal model (17) , the expression of the log-likelihood derived from the previous relation reads
The expression for the causal-only model is easily obtained from the above ignoring the terms which contain the non-causal terms. The results of this paper are obtained by using a quasi-Newton optimization routine for optimization. Since all the parameters are required to be positive or nonnegative, we employed an optimizer that can accept box constraint (nlminb of the package R). To increase the chances of finding the global optimum a set of 10 different starting points was tried, and the result with the highest likelihood was retained. The starting values were chosen so to span as much as possible the space of "reasonable" parameters values. In fact, most parameters have a physical interpretation that facilitates this choice. For instance, the baseline intensity µ cannot far exceed the average rate observed in the market. We repeated the procedure for each pair of currencies and for both types of kernel. Uncertainties on the best parameters estimates are calculated using the inverse of the Hessian matrix at the maximum Appendix B: Comparison of simulated data from the models with and without the news term.
In this appendix we compare further the Hawkes model with a power law endogenous kernel and an exogenous (news) term and the one without it. For each of the 266 news examined and for each currency pair, we simulated the two models 25 times. We then count the number of events produced by each model's simulation in the 5 minutes that follow the news announcement. In the top panel of Figure 11 we plot the ratio between the mean of the simulated counts and the observed (real) counts <N sim > N real in the 5 minute window that follows the news. The abscissa is the rank of the news in terms of its impact θ in ascending order. We observe that the two models are essentially equivalent for low impact news, whereas the model with the news term performs increasingly better as the impact grows. In fact, the model without the news term systematically underestimate the number of events after high impact news, since the self-exciting endogenous mechanism is unable to reproduce such a sudden increase in activity. It is worth noting that the model with the news term does not artificially introduce a news effect when the news had little impact. For reference we also show in the bottom panel of Figure 11 the above ratio computed in the 5 minutes that precede the news. We observe that the two models produces almost identical outputs in this case. These considerations are reinforced by observing Figure 12 . The plot is built as follows: for each of the two models and for every news in the sample we divide the 3 hours window in bins of 5 minutes, and compute <N sim > N real in each bin. We also divide the news in four groups based on quartiles of the impact θ, labeled as "Very Low", "Low", "High",and "Very High". We then take the average of the ratio across all news in the same group for each 5 minutes bin. In this way we measure the averave behavior predicted by the models as a function of time distance from the news announcement. Also in this plot we observe that the models behave in the same way for very low impact news. However, as soon as the news has a significant impact, the model without the news term strongly underestimates the activity that follows the news. Moreover, for very high impact news the model without the news term also systematically overestimate the activity before the news. This is because, without the exogenous kernel, the extra activity due to the news is attributed to the endogenous mechanism and thus it is spread over the full time interval.
